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Key points:  
1. A new metric is proposed to measure the seasonal mismatch between atmospheric water 
supply (precipitation) and demand (potential evapotranspiration, PET).   
2. Compared to existing metrics, the proposed metric can more accurately distinguish between 
climates with synchronized vs. desynchronized seasonal signals of precipitation and PET.  
3. Mediterranean climates are characterized by high climate asynchronicity, and their geographical 
extents have expanded in the U.S. Pacific Northwest and contracted in Western Australia since 
the turn of the century.  
 
Abstract: Recent climate change has contributed to shifts in the seasonal interplay between 
precipitation and potential evapotranspiration (PET), which have in turn increased droughts and reduced 
freshwater availability in Mediterranean climate regions. To overcome limitations in existing indices for 
comparing these seasonal hydroclimatic drivers at the global scale, we introduce an information theory 
based, non-parametric asynchronicity index that captures both the temporal alignment and relative 
magnitudes of precipitation and PET. We use this asynchronicity index to first identify Mediterranean 
climates around the world. We then apply the asynchronicity index over two Mediterranean climate 
regions show that their boundaries have shifted between 1960 – 2018, resulting in a regional expansion 
in the U.S. Pacific northwest and a contraction in southwestern Australia. These results highlight the 
need for globally consistent measures of seasonal climatic water supply and demand for diagnosing 
potential changes in water resources and ecosystem responses within Mediterranean climate regions.  
 
Plain Language Summary: Climate change is likely to change the boundaries of what are typically 
considered Mediterranean climate regions, which have dry summers and mild, wet winters. To analyze 
how these regions’ water availability may be influenced by climate change, we introduce a metric for 
quantifying the mismatch in the timing and amount of precipitation relative to atmospheric water 
demand. This new metric is able to identify the boundaries of Mediterranean climate regions more 
effectively than other existing indices and can be used to analyze how these boundaries shift over time.  
 
Keywords: Mediterranean climates, synchronicity, water resources, phenology, information theory, 
classification   
1. Introduction  
Bioclimatic classifications have been used for centuries (von Humboldt, 1820; Varenius, 
1650) to help identify climates with similar characteristics (Oliver, 1991), associate climates 
with key environmental and biodiversity indicators (Metzger et al., 2013), and to transfer 
known landscape responses within one climate to another in which less is known (Razavi & 
Coulibaly, 2013). For example, multiple bioclimatic classifications have proposed metrics of 
climate aridity (Budyko & Miller, 1974) to identify regions that might suffer from climatic water 
deficits. These aridity (or dryness) indices are then adopted within hydrological sciences to 
predict the proportion of precipitation that typically generates streamflow (Berghuijs et al., 
2014; D. Wang & Hejazi, 2011); within ecological sciences to predict biodiversity, ecosystem 
health, and biogeochemical cycling (Maestre et al., 2015; C. Wang et al., 2014); and within 
agricultural sciences to predict crop yields and to design irrigation schemes (Bannayan et al., 
2010; Paltineanu et al., 2007; Vico & Porporato, 2015). Despite the wide use of bioclimatic 
classifications for contextualizing a range of natural phenomena, the boundaries of bioclimatic 
regions as they are currently defined – and the ecosystem and catchment responses that are 
associated with them – will likely change in a warming world (Staten et al., 2018; Thomas & 
Nigam, 2018). In particular, Mediterranean-climate regions – places whose climates are 
characterized by dry summers and mild, wet winters, generally located along western 
continental margins (see e.g., Barry & Chorley (2009)) – are thought to be especially vulnerable 
to water deficit resulting from climate change (Diffenbaugh & Giorgi, 2012; Klausmeyer & Shaw, 
2009; Underwood et al., 2009).   
In Mediterranean climates, changes to freshwater availability result not only from direct 
reduction in total annual precipitation volumes or increases in evaporative demand due to 
rising temperatures (Diffenbaugh et al., 2015), but also from changes in how precipitation and 
potential evapotranspiration (PET) interact at seasonal time scales. For example, in 
Mediterranean climates, plant water use – which makes up a large part of the water budget – 
are energy-limited during the winter and water-limited during the summer (Ryu et al., 2008). As 
the climate warms, increase in plant water use in Mediterranean climates due to higher energy 
availability in spring can be offset by decreases due to soil limitation in summer (Pangle et al., 
2014; Tague & Peng, 2013), a phenomena consistent with global trends (Angert et al., 2005; 
Buermann et al., 2018; Wolf et al., 2016). This temporal alignment of seasonal water and 
energy availability (or its change) also influences partitioning of subsurface water resources 
between groundwater recharge, transpiration, and streamflow (Dralle et al., 2018; Hahm et al., 
2019). Additionally, in Mediterranean climates that are snow-dominated, warming reduces the 
fraction of precipitation that falls as snow and promotes earlier snowmelt (which is slower and 
less likely to saturate soils (Musselman et al., 2017)): all changes that tend to increase 
evapotranspiration at the expense of streamflow (Barnhart et al., 2016). However, earlier 
snowmelt also tends to concentrate snowmelt during colder periods when transpiration rates 
are low, an effect that may actually reduce the annual proportion of transpiration relative to 
streamflow (Jeton et al., 1996; Winchell et al., 2016). Thus, the outcome of changing 
hydroclimatic processes on water resources in these regions depend on the interactions of 
snowmelt, soil water availability, and vegetation water use, which in turn result from shifts in 
the relative magnitude and timing of the seasonal water and energy inputs. 
While the importance of considering tradeoffs between water and energy availability on 
annual scales has long been known and forms a central organizing framework in 
hydroclimatology (Budyko & Miller, 1974), globally applicable measures of how well aligned 
climatic water and energy supply are – that is, their synchronicity - on within-year, seasonal 
time scales are conspicuously lacking.  Yet it is exactly this synchronicity – or rather its absence, 
or asynchronicity - which is the defining characteristic of Mediterranean climates.  Therefore, to 
monitor ongoing alterations to existing boundaries around vulnerable Mediterranean climates, 
and to advance understanding of changing ecological and hydrological responses within these 
climate regions, a globally applicable measure of hydroclimatic synchronicity is needed.  
Many existing metrics of hydroclimatic seasonality and synchronicity are limited in their 
ability to fully capture the seasonal dynamics of precipitation and potential evapotranspiration.  
For example, synchronicity in precipitation relative to PET is often quantified by the phase lag 
between their climatologies (Berghuijs & Woods, 2016; Gentine et al., 2012; Potter et al., 2005). 
This measure describes the relative timing of peaks in precipitation and PET signals but does 
not capture the intensity of the seasonal variation in each. In omitting this, phase-lag metrics 
exclude information about the degree of variations in precipitation and PET between wet/dry 
or summer/winter periods – features that distinguish many “out-of-phase” (or asynchronous) 
Mediterranean regions (Viola et al., 2008) from other seasonally dry climates (e.g., tropical dry 
and monsoon climates with more uniformly distributed PET, which are dominated by a 
different set of climatically-mediated plant water use strategies (Vico et al., 2014) and soil 
water partitioning (Feng et al., 2012)). In addition, most metrics (e.g., Milly (1994)) assume that 
both precipitation and PET must vary sinusoidally across the year, thus cannot be immediately 
applied to many parts of the world that do not have smooth transitions between seasons 
without additional assumptions. 
Here, we introduce a new metric of climate asynchronicity based on information theory.  
This metric captures the entire within-year distributions of precipitation and PET, in terms of 
both their relative magnitudes and phase differences. It is non-parametric, and does not 
assume sinusoidality, unimodality, or a constant period for the annual climatic signals. We 
apply this asynchronicity index across the world using a global climatology dataset CRU TS 
v.4.03 (Harris et al., 2014) and demonstrate its superior ability, compared to prevailing metrics 
of seasonality, to distinguish between climates whose precipitation and PET climatologies are 
asynchronous (i.e., in Mediterranean climates) vs. synchronous (e.g., in other seasonal 
climates). Additionally, we use this metric to illustrate changing patterns of climate 
asynchronicity, finding that since the turn of the century, Mediterranean climates have grown 
out of semi-arid climates in the U.S. Pacific Northwest, and shrunk as they transform into semi-
arid climates in Western Australia.  
2. Methods 
2.1 Asynchronicity index defined 
We adopt an information-theory based metric — the Jensen-Shannon distance (Endres & 
Schindelin, 2003) — to quantify the degree of asynchronicity between two generic random 
variables, P and Q, whose domains are non-negative. Assuming that P and Q are randomly 
distributed at monthly timescales, we take their long term mean monthly values ?̅?௠ and 𝑘ത௠ 
(where the overbar indicates the long-term mean, and the index m [1,12] indicates the month 
of the calendar year), and calculate their discrete probability mass functions (pmfs, where the 
probability of P is indicated by p and the probability of Q by q), denoted by ?̅?௠ = ?̅?௠/ ∑ ?̅?௠ଵଶ௠ୀଵ  
and 𝑞ത௠ = 𝑘ത௠/ ∑ 𝑘ത௠ଵଶ௠ୀଵ .  
The Jensen-Shannon distance measures how dissimilar any two random variables are; in 
this case, it measures the total divergence of the two probability distributions from their 
average, i.e.,  
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The asynchronicity index ASI is then defined as square root of the difference between the 
observed Jensen-Shannon distance (𝐽𝑆௢௕௦, as calculated from Equation (1)) and the minimized 
Jensen-Shannon distance that can be achieved for the seasonal profiles of P and Q at that 
location: 
  𝐴𝑆𝐼 = ඥ𝐽𝑆௢௕௦ − 𝐽𝑆௠௜௡.  (Eq. 2) 
The minimum Jensen-Shannon distance 𝐽𝑆௠௜௡ can be thought of as the Jensen-Shannon 
difference that emerges from the temporal configuration of P and Q that results in the most 
overlap between the random variables.  To compute 𝐽𝑆௠௜௡, the observed distributions of one of 
the random variables, Q, is shifted by an increment of w months, where w [1,12].  This results 
in a new pmf  𝑞ത௠௪ = 𝑞ത௠ି௪, and consequently in a new average 𝑁௪ , associated (new) values of 
𝐷ഥ௉|ே௪  and 𝐷ഥொ|ே௪ , and a new Jensen-Shannon distance, 𝐽𝑆௪.  𝐽𝑆௠௜௡ is finally selected by finding the 
value of w minimizing 𝐽𝑆௪, i.e.: 
  𝐽𝑆௠௜௡ = min(𝐽𝑆௪),           𝑤 ∈ [1,12] ,  (Eq. 3) 
The two-step process of finding the divergences of P and Q and then subtracting 𝐽𝑆௠௜௡ from 
𝐽𝑆௢௕௦ captures the effects of two sources of desynchronization between P and Q: (i) one in 
which their pmfs differ in relative magnitudes, and (ii) one in which one random variable is 
shifted relative to the other. Theoretically, the values of the asynchronicity index is bounded on 
the lower side by 𝐴𝑆𝐼 = 0, when P and Q have the same pmf, and on the upper side by 𝐴𝑆𝐼 =
1, when the domains of P and Q fail to overlap during any months of the year but can be shifted 
to achieve complete overlap.  
When the asynchronicity index (ASI, equation (2)) is applied to the monthly pmfs of 
precipitation and PET, it encapsulates information about both (i) the relative magnitudes of the 
normalized climatic forcings and (ii) the temporal shift it would take for maximum 
synchronization to occur. These attributes are illustrated using synthetically generated monthly 
sinusoidal distributions of precipitation and PET in Figure 1 (see SI for more details on the 
synthetic time series), where ASI monotonically increases with increasing relative magnitudes 
(RM, given by the ratio of the amplitudes of the sinusoidal functions) and phase differences (𝜙) 
between precipitation and PET distributions. As shown in this figure, a large ASI value at a 
location arises when the precipitation and PET pmfs are mismatched in timing and magnitude 
(e.g. where RM=1 and 𝜙=6 months), situations which might correspond to Mediterranean type 
climates. Lower values of ASI arise where the pmfs are in phase (e.g. the 𝜙 = 0 case), which 
could correspond to climates with summer precipitation maxima, and if one of the climate 
attributes lacks seasonal variation (e.g. the RM=0 case), which could correspond to climates 
having a seasonally concentrated wet season but relatively uniform PET year round, including 
some tropical and tropically-dry climates. Because the ASI is calculated from pmfs (i.e., the 
absolute values of its constituent random variables are normalized), it is invariant when P and Q 
are scaled by a common factor. However, the ASI is sensitive to transformations that affect the 
relative scales of variations. For example, if the datum of the variables were shifted, or if the 
variables were obtained through different units (e.g., precipitation in inches instead of 
millimeters), then the same amount of absolute variation would result in different relative 
variations that register within the ASI. In such cases, care should be taken to ensure consistency 
between different stations to ensure comparability.  
 
FIGURE 1: Variation of the Asynchronicity Index between two synthetic, sinusoidal precipitation and 
potential evapotranspiration (PET) probability mass functions (pmfs) at the monthly scale. The subplots 
illustrate various combinations of seasonal distributions of precipitation (in blue) and PET (in orange), 
with pmfs plotted across months. RM is the relative magnitude of the pmfs, given by the ratio of their 
amplitudes; 𝜙 measures their phase shifts.  
2.2 Using asynchronicity index to delineate Mediterranean climates 
We mapped asynchronicity index (ASI) worldwide using the CRU TS v.4.03 gridded climate 
dataset, which includes long-term reanalysis of monthly precipitation and PET time series from 
1901 to 2018 at 0.5 resolution (Harris et al., 2014). We derived the long-term climatology, and 
the seasonal distributions of precipitation and PET, ?̅?௠ and 𝑞ത௠ within each grid cell using this 
dataset, and then computed ASI with Equations (1) and (2). The resulting global distribution of 
ASI is shown in Supplementary Figure S1.  
To designate a location as climatically “synchronized” or “de-synchronized” according to the 
ASI, we relied on known distributions of climate types around the world. In particular, we used 
the “Cs-“ (“Mediterranean climate”) groups within the Köppen-Geiger classifications (Kottek et 
al., 2006) to delineate areas known to have “de-synchronized” climates. To relate “de-
synchronized” climates to values of ASI that might define such climates, we generated empirical 
frequency distributions of ASI for each seasonal climate type: “Cs-” groups within the Köppen-
Geiger classifications are designated as “Mediterranean”, “BW-” groups are “desert,” “BS-
“ groups are “semiarid”, “Am” is “monsoon,” “Aw” is “tropical dry,” “Af” is “tropical,” and “Cfa” 
is “humid subtropical.” Then, using fitted empirical cumulative distribution functions (ecdf), we 
identified the ASI value that maximized the difference between the ecdf of Mediterranean 
regions and the ecdf of climatically adjacent, semiarid regions (see SI for more details). This 
value, found to be ASI = 0.36, represents the threshold that includes the largest proportion of 
Mediterranean climates while excluding the largest proportion of semiarid climates worldwide. 
2.3 Comparisons with other indices of climate seasonality 
To evaluate the ability of the asynchronicity index to delineate the geographical boundaries 
of Mediterranean climates relative to those of other seasonal climates, we adopt a common 
diagnostic metric of a binary classifier: the area under curve (AUC) of the receiver operating 
characteristics (ROC) curve (Fawcett, 2006; Hanley & Mcneil, 1982). The ROC curve is produced 
by plotting the true positive rate of classifications made using a metric against the false positive 
rate, across a range of threshold values defining the classifier. In this case, the true positive rate 
is given by the proportion of Mediterranean climates (“Cs-“ groups within the Köppen-Geiger 
classification) worldwide identified by a given metric value, and the false positive rate is given 
by the proportion of other seasonally dry climates (“BS-“, “Am” and “Af” groups within the 
Köppen-Geiger classification) identified being Mediterranean by the same metric value. By 
integrating the true positive rate across the entire range of false positive rates, the AUC-ROC 
tells us about the ability of a metric to distinguish between Mediterranean vs. seasonal 
climates: an AUC of one indicates complete separability, while an AUC of 0.5 indicates that the 
metric is completely uninformative (i.e., equivalent to a coin toss).  
We calculated the AUC-ROC for seven exiting metrics of climate seasonality to compare 
their ability to distinguish Mediterranean climates within the Köppen-Geiger classification from 
other seasonally dry climates: (1) the current proposed asynchronicity index (ASI), (2) the 
centroid difference (in months) between the seasonal precipitation and PET pmfs (i.e., 
dCentroid), and a series of seasonality indices proposed by (3) Walsh & Lawler (1981) (i.e., 
WalshS), (4) Milly (1994) (i.e., MillyS), (5) Woods (2009) (i.e., dP*), (6) Feng et al. (2013) (i.e., SI), 
and (7) Knoben et al. (2018) (i.e., Imr). Brief explanations of these metrics and their 
abbreviations are summarized in Table S1.  
2.4 Regional shifts in Mediterranean regions  
Based on an initial global analysis of changes in the location of the ASI =0.36 threshold over 
time in the CRU TS v. 4.03 dataset, we identified regional shifts in Mediterranean regions 
worldwide, including conspicuous changes in the U.S. west coast (California and Pacific 
Northwest regions) and the Australian southwest coast (including near Perth and Adelaide).  
We explored how ASI in these regions varied across different time periods (1960-1979, 1980-
1999, and 2000-2018), and mapped the resulting contours of ASI= 0.36 over current Köppen-
Geiger classifications (Kottek et al., 2006) to see how the boundaries of these Mediterranean 
climates shifted over times. 
3. Results and Discussions 
3.1 Asynchronicity index captures the global distribution of Mediterranean climates 
Comparing the ASI in different climate regions in the Köppen-Geiger system (Kottek et al., 
2006) shows that it is a useful indicator of Mediterranean climates worldwide (Figure 1). From 
the frequency diagrams in Figure 1, it can be seen that a majority of Mediterranean regions 
exhibit ASI values that are substantially larger than those found in most other tropical and mid-
latitude climates. Furthermore, the areas where asynchronicity index exceeds the critical 
threshold of 𝐴𝑆𝐼 = 0.36 (the climatically “de-synchronized” regions) captures the geographical 
extent of Mediterranean climates around the world, especially in California, Chile, tip of South 
Africa, the Indian subcontinent, and Australia.  
 
FIGURE 2: Global distributions of seasonal Köppen-Geiger climate types (Kottek et al., 2006) from 45°S to 
45°N, along with outline of the areas where asynchronicity index is above a critical threshold of ASI = 
0.36. The frequency diagrams show the frequency distribution of the asynchronicity index in each climate 
regions, and the dashed line represents the critical threshold (in log scale, with log(ASI=0.36)= -1.03).   
In the Mediterranean basin in Europe and across much of Eurasia, high ASI values enclosed 
regions that defined as semiarid and desert by the Köppen-Geiger system. This is likely to be 
because the Köppen-Geiger classification relies on minimum and maximum rainfall thresholds 
that are not factored into the asynchronicity index. Climatologically, semiarid and desert areas, 
despite experiencing low annual rainfall, can exhibit similar offsets in the seasonal patterns of 
precipitation and PET that are typical of Mediterranean climates. Semiarid and desert climates 
are also often found adjacent to Mediterranean climates and share related water scarcity and 
land management issues stemming from alternating seasonal cycles of water excess and 
scarcity. Together, these regions contain high levels of biodiversity (Cowling et al., 1996; Médail 
& Quezél, 1999) and generate more streamflow compared to other regions at comparable 
dryness (Farmer et al., 2003; Feng et al., 2015; Trancoso et al., 2017), but their water resources 
are increasingly challenged by climate change (Diffenbaugh et al., 2015; Giorgi, 2006), 
agricultural conversion, and irrigation use (Zhang & Oweis, 1999), with Mediterranean regions 
often considered to be at risk of aridification though declines in precipitation (Seager et al., 
2014). By classifying these climates based on hydroclimatically relevant measures of 
seasonality, the asynchronicity index highlights their functional similarities and collective 
vulnerability. 
The only major region with Mediterranean climate excluded by the asynchronicity index is 
in central Mexico, a region that has been shown to fulfill the Köppen-Geiger classification for 
both Mediterranean and humid subtropical climates, and which, on further inspection of 
surrounding station data, was reclassified into the humid subtropical climate type by an 
updated study (Peel et al., 2007).  
 
FIGURE 3: (a) Performance of Asynchronicity Index (ASI) relative to other metrics in distinguishing 
Mediterranean climates (“Cs-“ groups in the Köppen-Geiger classification) from other seasonal climates 
(tropical wet/dry, monsoon, hot semiarid, or “BS-“, “Am” and “Af” groups) using the area under the cure 
(AUC) of the receiver operating characteristic curve. The x-axis is truncated at 0.5 because it corresponds 
to the metric being completely uninformative. (b) – (c) The frequency of Mediterranean climates vs. other 
seasonal climates that are identified by the ASI and Knoben’s seasonality index (Imr) over the range of 
their values. (d) – (e) The true positive rate vs. false positive rate for identifying Mediterranean climates 
against other seasonal climates associated with the ASI and Imr, plotted over the range of their values. 
These are the receiver operating characteristic curves from which AUC values are derived. 
3.2 Asynchronicity index outperforms other indices for finding Mediterranean climates 
Relative to other common metrics of climate seasonality tested, the asynchronicity index 
was best able to separate Mediterranean climates from other seasonally dry climates. The 
metrics’ performances were evaluated using AUC of ROC, which is calculated independently of 
metric-specific thresholds. Nevertheless, we can still examine the maximum extent of 
separability that can be achieved by setting a specific metric value. At a threshold of ASI = 0.36, 
the proportion of Mediterranean climates identified by the asynchronicity index is 91% (the 
true positive rate) while the proportion of other seasonal climates with ASI >0.36 is 32% (the 
false positive rate). No other metric came close to achieving this level of separability (Figure 3) 
for Mediterranean vs. other seasonal climates, because similar metric values also identified 
areas that were seasonal but synchronized, resulting in large overlaps in the pdf of metric 
values for Mediterranean vs. other seasonal climates (Figure 3c) and thus large false positive 
rates at a given true positive rate (Figure 3e). This is perhaps unsurprising, since most of the 
other metrics were designed for the less specific task of identifying seasonal climates distinct 
from aseasonal climates.  
Some limitations of the existing indices for capturing the full seasonal interactions between 
precipitation and PET include the following: SI and WalshS are applicable to only a single 
climate variable (they were applied to precipitation rather than PET seasonality in this case, 
since this is a distinguishing feature of seasonally dry climates). MillyS and dP* are bivariate 
metrics that capture variations in both precipitation and PET, but require that they vary 
sinusoidally. Consequently, errors can result from approximating the seasonal distributions with 
sinusoidal functions. Of the two features that can contribute to seasonal de-synchronization of 
precipitation and PET, dCentroid considers only their timing difference, and MillyS considers 
only their relative magnitudes. Both Imr and ASI account for the relative magnitudes of 
precipitation and PET in each month, but only ASI does so by integrating those differences 
across the entire year.  
3.3 Asynchronicity index illustrates shifts in boundaries of Mediterranean climates 
By applying the asynchronicity index to precipitation and PET timeseries to identify 
climatically “de-synchronized” regions over time, we identified shifts in the geographical 
boundaries of what would typically be considered Mediterranean regions. These shifting 
boundaries are illustrated for the western U.S. and southwestern Australia in Figure 4 over 
three time periods: 1960 – 1979, 1980 – 1999, and 2000 – 2018.  
In the western U.S., the boundaries of climatically desynchronized regions have steadily 
expanded from the west coast states (California, Oregon, and Washington) in the 1960s over 
more inland states like western Idaho and Nevada after the turn of the century. This shift now 
encompasses some areas that are currently classified as semiarid or desert in the Inland Pacific 
Northwest, and is consistent with most global circulation models that project in this region a 
small but systemic increase in precipitation during the winter and spring and a slight decrease 
in summer (IPCC, 2014). This shift in climate has prompted considerations of adopting new 
winter crops within the dryland dropping system in the Inland Pacific Northwest (Stöckle et al., 
2018) as well as new conservation strategies for Pacific Northwest prairies and oak savannas 
(Bachelet et al., 2011).  
In southwestern Australia, the boundaries of climatically desynchronized regions have 
steadily contracted since the 1960s, with previously Mediterranean-like regions now replaced 
by desert and semiarid climates. These shifts may be occurring due to changes in the 
seasonality of one or both precipitation and PET. For example, in southwestern Australia, 
observed trends in winter rainfall declines (Timbal et al., 2006) may cause the interior areas to 
have less precipitation seasonality, while increasing temperature and dryness at the same time 
may have results in increasing synchronicity between precipitation and PET. These climatic 
trends are accompanied by concomitant declines in stream yields into the drinking water 
catchments in the region (Bates et al., 2008; Petrone et al., 2010) and negative impacts on the 
highly biodiverse ecosystems in this region (Brouwers et al., 2013), including tree mortality 
events observed through satellite and aerial imaging (Evans et al., 2013; Evans & Lyons, 2013; 
Matusick et al., 2013). These climatic shifts challenge our conceptions of what constitutes a 
Mediterranean region, suggest that their boundaries can fluidly shift into and out of their 
adjacent climate zones over a relatively short time period, and prompt us to adopt suitable 
tools for diagnosing these shifts and evaluating their impacts on the local landscapes.  
 
FIGURE 4: Changes in boundaries of asynchronicity index in (a) U.S. west coast and (b) southwestern 
Australia. Boundaries are calculated for the designated periods (1960-1979, 1980-1999, 2000-2018) 
using the CRU TS v.4.03 dataset. The underlying climates shown on the maps are based on the Köppen-
Geiger classification from Kottek et al. (2006).  
 
4. Conclusions  
We introduce here a new information theory-based asynchronicity index that is well suited 
to identify the extent of climatologically de-synchronized (e.g., Mediterranean-like) regions 
globally. This approach differs from existing climate classification schemes, which are strongly 
informed by the biogeography of vegetation (e.g., Kottek et al., 2006) and rely heavily on the 
use of monthly minimum or maximum thresholds to describe biological presence or activity 
(Bazzaz, 1991; Kraft et al., 2014). This new metric selects seasonal climatic features that are 
known to influence the ecohydrology in seasonally dry regions – namely the synchronicity in 
the precipitation and PET that arise from their relative magnitudes and timing – and is 
complementary to existing schemes (Budyko & Miller, 1974) for characterizing the seasonal 
interaction of precipitation and PET. We show that it outperforms exiting metrics of climate 
seasonality for characterizing Mediterranean regions and can be used to evaluate shifts in their 
geographical boundaries resulting from climate change. As Mediterranean regions have been 
identified as hotspots of both biodiversity (Cowling et al., 1996) and climate change (Giorgi, 
2006) and face ongoing challenges associated with drought-induced water scarcity (Iglesias et 
al., 2007), a robust metric dedicated to identifying the climatic drivers of these challenges will 
be valuable for evaluating future conservation and management priorities.  
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Supplementary Information 
 
Derivation of synthetic time series  
The synthetic time series used to evaluate the effects of phase difference (𝜙 )and relative 
amplitude (RM) between precipitation and potential evapotranspiration in Figure 1 were 
generated by setting sinusoidal functions that were discretized at the monthly scale.  
 
The precipitation P and potential evapotranspiration K series were defined at the annual scale:  
 
𝑃 = 𝑃଴ − 𝑃௔cos (2𝜋𝑡), 
𝐾 = 𝐾଴ − 𝐾௔cos (2𝜋(𝑡 − 𝜙)) 
 
where 𝑃଴ and 𝐾଴ are their annual mean values, 𝑃௔  and 𝐾௔ are their amplitudes, and 𝜙 is the 
phase difference. The amplitudes were allowed to vary up to 100% of their mean values, and 
the relative amplitudes were defined using 𝑅𝑀 = 𝐾௔ 𝑃௔⁄ . The phase difference 𝜙 is allowed to 
vary up to 𝜙 = 𝜋. After the sinusoidal functions were generated at the daily timescale over the 
year, they were aggregated to monthly resolution (at roughly 30-day sums).  
 
Calculation of the asynchronicity index threshold delineating synchronized vs. de-
synchronized climates  
For each of the following seasonal climate regions within the Köppen Geiger classification, we 
calculated the frequency distribution of the asynchronicity index (ASI) calculated using the 
mean monthly precipitation and potential evapotranspiration values within the CRU TS v.4.03 
dataset:  “Cs-” groups as “Mediterranean”, “BW-” groups as “desert,” “BS-“ groups as 
“semiarid”, “Am” as “monsoon,” “Aw” as “tropical dry,” “Af” as “tropical,” and “Cfa” as “humid 
subtropical.” These frequency distributions were interpolated to produce empirical probability 
density functions (epdf) and empirical cumulative density function (cedf).  
 
To find the threshold value of ASI for separating “de-synchronized” regions from 
“synchronized” regions, we compared the ecdfs of ASI corresponding to Mediterranean (de-
synchronized) vs. semiarid (synchronized) regions. The semiarid regions were chosen due to 
their geographical adjacency to Mediterranean regions. For each ASI value across the range of 
ASI values, the proportion of Mediterranean regions worldwide enclosed by that ASI value (true 
positive rate) were compared to the proportion of semiarid regions encompassed by that ASI 
(false positive rate; both were represented by the ecdf). The values of ASI that corresponded to 
the maximum difference between the true positive rate and the false positive rate, found to be 
ASI=0.36, were chosen to represent the threshold for separating synchronized from de-
synchronized climates.  
The resulting interpretation of “Mediterranean” regions depends on this assigned threshold. 
Because this threshold is dataset- and resolution-specific, if a different dataset were to be used 
in the calculation of the ASI (e.g., other than CRU TS v.4.03) or of the climate classifications, 
then a different ASI value should be estimated. Furthermore, a different threshold may be 
obtained if different climate types were to be chosen to represent synchronized vs. 
desynchronized regions. So for example, instead of using the ecdf for semiarid regions, one 
could conceivably produce a ecdf for the entire seasonal climate group.  
 
 
Figure S1: Global distribution of the asynchronicity index (Table S1, equation 2 of this paper) calculated 
from gridded precipitation and potential evapotranspiration in the CRU TS v.4.03 dataset.  
 
 
Figure S2: Global distribution of the seasonality index (Feng et al. 2013, equation 1; Table S1) calculated 
from gridded precipitation and potential evapotranspiration in the CRU TS v.4.03 dataset.  
  
Figure S3: Global distribution of the moisture index seasonality (Knoben et al. 2018, equations 1 and 3; 
Table S1) calculated from gridded precipitation and potential evapotranspiration in the CRU TS v.4.03 
dataset. A value of 0 indicates no intra-annual changes in the water/energy budget, and 2 indicates the 
climate switches between fully arid and fully saturated within a single year 
 
 
Figure S4: Global distribution of the index for seasonality of precipitation in relation to seasonality of 
temperature (Woods 2009; Table S1) calculated from gridded precipitation and potential 
evapotranspiration in the CRU TS v.4.03 dataset, using the normalized amplitude of precipitation and the 
phases of precipitation and PET. The amplitudes and phases are approximated using the maximum and 
minimum values of monthly climatologies (Table S1) to avoid assumptions of sinusoidality. Values range 
from 1 (winter dominant precipitation) through 0 (uniform) to 1 (summer dominant precipitation). 
  
Figure S5: Global distribution of Walsh’s seasonality index (Walsh & Lawler, 1981; Table S1) calculated 
from gridded precipitation and potential evapotranspiration in the CRU TS v.4.03 dataset.  
 
 
 
 
Figure S6: Global distribution of the difference in centroids (Table S1) calculated from gridded 
precipitation and potential evapotranspiration in the CRU TS v.4.03 dataset. The centroids are calculated 
based on the first moments of the annual climatologies (Table S1) and can be sensitive to small 
variations in place without pronounced seasonality in both precipitation and potential 
evapotranspiration.  
 
 
 
 
 
Figure S7: Global distribution of Milly’s seasonality index (Milly 1994; Table S1) calculated from gridded 
precipitation and potential evapotranspiration in the CRU TS v.4.03 dataset, using the amplitudes of the 
monthly climatologies. To avoid having to fit a sinusoidal function for the monthly climatologies, the 
amplitudes are approximated using their monthly ranges (Table S1)
1 
TABLE S1: Seasonality indices used in intercomparison. The variable name “B” can refer to either the annual total of either precipitation (P) or 2 
potential evapotranspiration (E), 𝑏௠ is the amount in month m of either P or E.  3 
Abbreviation Name in original publication Equation & brief description Reference 
ASI Asynchronicity 
index, ASI 
𝐴𝑆𝐼 = ඥ𝐽𝑆௢௕௦ − 𝐽𝑆௠௜௡ 
Difference between the observed Jensen-Shannon distance of P and PET at a location and its minimized 
Jensen-Shannon distance. Ranges [0,1]. 
This paper, 
equation (2) 
SI Seasonality 
index, S 𝑆 = 𝐷 ∙
𝑃
𝑃௠௔௫
, 𝐷 = ෍ 𝑝௠ logଶ ൬
𝑝௠
1/12
൰
ଵଶ
௠ୀଵ
 
Product of relative entropy D (of monthly rainfall with respect to the uniform distribution) and mean annual 
rainfall normalized with respect to observed maximum within the stations. Ranges [0,].  
Feng et al. 
(2013), 
equation (1) 
Imr Moisture index 
seasonality, 𝐼𝑚,𝑟 
𝐼𝑚,𝑟 = max൫𝑀𝐼(𝑡)൯ − min൫𝑀𝐼(𝑡)൯ , 𝑀𝐼(𝑡) =
⎩
⎪
⎨
⎪
⎧1 −
𝐸(𝑡)
𝑃(𝑡)
, 𝑃(𝑡) > 𝐸(𝑡)
0 , 𝑃(𝑡) = 𝐸(𝑡)
𝐸(𝑡)
𝑃(𝑡)
− 1 , 𝑃(𝑡) < 𝐸(𝑡)
 
Range [0, 2]. 0 indicates no intra-annual changes in the water/energy budget, and 2 indicates the climate 
switches between fully arid and fully saturated within a single year 
 Knoben et al. 
(2018), 
equations (1) 
and (3) 
dP* Seasonality 
of precipitation 
in relation to 
seasonality of 
temperature, 𝛿𝑃
∗  
𝛿𝑃
∗ = 𝛿𝑃𝑐𝑜𝑠(2 𝜋 (𝑠𝑃 − 𝑠𝐸)/𝜏) 
𝛿𝑃 is the normalized amplitude of the seasonal precipitation signal, approximated here by 𝛿𝑃 =
max൫𝑝𝑚൯−min൫𝑝𝑚൯
2𝑃
 to avoid assuming sinusoidality. 𝑠𝑃 and 𝑠𝐸 are the phases of the precipitation and PET, 
approximated by 𝑠𝐵 = argmax(𝑏𝑚). Value of 𝛿𝑃
∗  ranges from -1 (winter dominant P) through 0 (uniform P) 
to 1 (summer dominant P).  
Woods 
(2009), 
equation (14) 
WalshS Seasonality index 
(for relative 
seasonality), SI 
𝑆𝐼 =
1
𝑃
෍ ฬ𝑟௠ −
𝑃
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ฬ
ଵଶ
௠ୀଵ
 
Sum of the absolute deviations of mean monthly rainfalls from the overall monthly mean, divided by the 
mean annual rainfall. Ranges [0,]. 
Walsh & 
Lawler (1981) 
dCentroid Difference of 
centroids, ∆𝜏 ∆𝜏 = 𝜏௉ − 𝜏ா,       𝜏஻ =
1
𝐵
෍ 𝑚 𝑏௠
ଵଶ
௠ୀଵ
 
Difference in the first moments of monthly precipitation and PET distributions. Ranges [0,6] 
This paper 
MillyS Seasonality 
index, S 
𝑆 = |𝛿௉ − 𝛿ா𝑅| Milly (1994), 
equation (23) 
R is the dryness index, 𝛿 are amplitudes of sinusoidal climatologies for precipitation and PET. The amplitudes 
are approximated in this paper using 𝛿𝐵 =
max(𝑏𝑚)−min(𝑏𝑚)
2𝐵
 to avoid assuming sinusoidality. Ranges [0,]. 
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